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Abstract
This study investigates predictability and potential bottlenecks in
the software development flow of open-source projects. A quanti-
tative analysis was conducted using flow metrics extracted from
3,233 public GitHub repositories. Cycle time, throughput, release
interval, and the coefficient of variation were analyzed to assess
flow predictability. The results revealed significant differences in
metric variability across popularity levels and development stages.
In addition, delivery capacity was associated with predictability
indicators, particularly cycle time variability.
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1 Introduction
Agile methodologies have become one of the dominant approaches
in Software Engineering due to their ability to adapt to dynamic
environments and continuous changes [14]. Their adoption has
promoted the use of agile metrics, which play a fundamental role
in monitoring software processes and evaluating performance [13].
In this context, platforms such as GitHub provide collaborative
environments for open-source software development, hosting re-
positories that store software artifacts such as commits, issues, and
pull requests. These artifacts can be explored through software
repository mining to extract metrics and analyze software develop-
ment workflows [19]. From these artifacts, it is possible to derive
indicators that characterize the behavior of development activities
over time [13]. These indicators constitute flow metrics used to
characterize software development processes.

Although agile metrics are widely adopted to monitor software
projects and detailed development data are available in repositories
such as GitHub, their analysis is often performed in isolation and
mainly based on average values, which may limit the understanding
of the software development flow [13]. Furthermore, metrics vary
across projects due to differences in scope, maturity, and popularity,
making it difficult to generalize findings [5]. This scenario becomes
even more complex in workflows characterized by high variability
and bottlenecks during code review and integration stages [11,
16]. Consequently, it remains insufficiently understood how flow
metrics reflect the behavior of software development processes,
particularly regarding flow predictability and the identification of
potential bottlenecks.

Flowmetrics, such as cycle time, throughput, and release interval,
are widely used to evaluate performance, delivery capability, and
process predictability in software development [18, 20]. However,
analyses based solely on average values may conceal important
variations across projects and over time. In this context, metric vari-
ability becomes a key indicator of process predictability, whereas
temporal differences between development stages may indicate
potential bottlenecks in the software development flow [11, 12].

Understanding software development flow is essential for sup-
porting decision-making and improving process efficiency, partic-
ularly in environments where high variability may compromise
delivery predictability and hinder the identification of process inef-
ficiencies. Therefore, investigating the variability of flow metrics
and its relationship with predictability and potential bottlenecks
may provide deeper insights of software development workflows
and support the identification of process inefficiencies.

Based on this motivation, this study aims to identify behavioral
patterns, differences across popularity levels, and potential bottle-
necks in the software development flow of open-source projects
using agile metrics. To achieve this objective, the following specific
objectives were defined: (i) analyze the variability of flow metrics
across open-source projects belonging to different popularity quar-
tiles; (ii) identify potential bottlenecks by comparing the temporal
behavior of development stages; and (iii) investigate the relation-
ship between flow predictability and repository delivery capability.

As its main contribution, this study provides empirical evidence
on the relationship between flow metric variability, predictability,
and potential bottlenecks through a large-scale empirical analysis
of 3,233 public GitHub repositories.

This paper is organized as follows. Section 2 presents the related
work. Section 3 describes the materials and methods. Section 4
presents the results on flowmetric variability, potential bottlenecks,
and the relationship between predictability and delivery capability.
Finally, Section 5 concludes the paper.

2 Related Work
Pham and Neumann [13] investigates the use of performance met-
rics in agile software development through a qualitative case study
conducted in an organizational context. The authors analyzed met-
rics such as Story Points, Velocity, and Lead Time, in addition to soft-
ware quality and system stability indicators. The results revealed
challenges regarding the interpretation, relevance, and consistency
of these metrics, mainly due to variability across teams, which hin-
ders comparisons. This study highlights limitations in the use of
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software metrics and the influence of variability on development
processes, an aspect investigated in the present research through
the quantitative analysis of flow metrics in open-source projects.

Flournoy et al. [5] analyzed more than 55,000 observations from
11,398 developers across 216 organizations to investigate factors in-
fluencing cycle time in software development. Statistical modeling
showed that cycle time exhibits high variability across individuals,
teams, and organizations, highlighting the limitations of analyses
based solely on average values. These findings reinforce the im-
portance of analyzing flow metric variability, an approach adopted
in the present study to investigate behavioral differences across
repositories.

Venigalla and Chimalakonda [19] investigated the role of GitHub
artifacts in representing software development information. The
study combined interviews, a survey, and an exploratory analysis
of 950 repositories using topic modeling. The results showed that
issues and pull requests contain a substantial amount of process-
related information, supporting their use as data sources for ex-
tracting flow metrics in the present study.

Tasci and Erdogan [16] analyzed differences in software devel-
opment workflows between artificial intelligence and traditional
software repositories using process mining. The results showed
differences in issue closing time and pull request processing time be-
tween the analyzed domains, reinforcing the relevance of temporal
analyses of software development workflows and the investigation
of potential bottlenecks.

Overall, previous studies highlight the relevance of flow met-
rics for understanding software development processes. This study
extends the literature by investigating predictability and potential
bottlenecks through a large-scale analysis of 3,233 public GitHub
repositories grouped by popularity quartiles.

3 Materials And Methods
This study is characterized as an applied, exploratory, and descrip-
tive empirical study in Software Engineering, adopting a quanti-
tative approach based on metrics extracted from public GitHub
repositories [21]. The research investigates the behavior of the soft-
ware development flow in open-source projects, focusing on flow
predictability and the identification of potential bottlenecks. To this
end, the method was organized into three main stages: repository
collection, data processing, and data analysis.

3.1 Research Questions
To investigate software development flow behavior in open-source
projects, focusing on flow predictability and potential bottlenecks,
the following research questions (RQs) and hypotheses were de-
fined.

RQ1: Is there a significant difference in the variability (coeffi-
cient of variation) of flow metrics across repositories with different
popularity levels?

• H0: There is no significant difference in the variability of
flow metrics across popularity quartiles.

• H1: There is a significant difference in the variability of flow
metrics across popularity quartiles.

This question evaluates whether the variability of cycle time,
throughput, and release interval differs across repositories grouped
by popularity quartiles based on the number of GitHub stars.

RQ2:Are there significant differences among the temporal stages
of the software development flow, indicating potential process bot-
tlenecks?

• H0: There are no significant differences among the temporal
stages of the software development flow.

• H1: There are significant differences among the temporal
stages of the software development flow.

This question investigates differences among the temporal stages
of the software development flow based on the time elapsed be-
tween issue creation, pull request integration, and release publica-
tion.

RQ3: Is there a significant correlation between flow predictabil-
ity indicators and repository delivery capability?

• H0: There is no significant correlation between flow predict-
ability indicators and repository delivery capability.

• H1: There is a significant correlation between flow predicta-
bility indicators and repository delivery capability.

This question investigates the relationship between flow predict-
ability indicators and repository delivery capability by analyzing
correlations between the coefficient of variation of flow metrics
and the average repository throughput.

3.2 Experimental Design
The study was conducted using data collected from public GitHub
repositories through the GitHub GraphQLAPI1 and complementary
information obtained from the REST API. GitHub was selected
because it is widely adopted by software development teams and
provides publicly available artifacts and timestamps required to
reconstruct software development workflows. Data collection and
processing were implemented in Python using the requests and
pandas libraries2.

The methodology was structured into three main stages: reposi-
tory collection, data processing, and data analysis, as illustrated in
Figure 1. Each stage comprises specific activities for obtaining and
preparing the data required for this study.

Stage 1. Repository Collection. Data were collected through
the public GitHub API, using GraphQL for repository search and
the REST API for complementary information. An initial set of
10,000 public repositories was collected to reduce sampling bias
and increase representativeness, following recommendations from
Mining Software Repositories studies [2, 7]. A total of 9,743 valid
repositories were obtained.

Due to GitHub search API limitations, repositories were collected
in popularity ranges defined by the number of stars, adopted as an
indicator of repository popularity [1]. Only repositories with at least
10 stars were considered. Successive queries were executed, with
the final range including repositories with more than 50,000 stars.
This strategy increased sample coverage and reduced selection
bias. Only public, non-archived repositories with issue tracking and

1https://docs.github.com/en/graphql
2https://pandas.pydata.org/

https://docs.github.com/en/graphql
https://pandas.pydata.org/
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Figure 1: Methodology workflow.

recent activity were considered. Metadata including stars, forks,
primary language, issues, pull requests, and releases were collected.

Repositories were filtered using the following criteria: at least
two contributors, 15 issues, 10 pull requests, two releases, and
activity within the last two years, ensuring active and traceable
development workflows. Heuristics based on repository descrip-
tion, topics, and primary programming language were applied to
remove non-software repositories, such as educational materials
and curated resource lists. The dataset initially comprised 3,249
open-source repositories.

Stage 2. Data Processing. During this stage, detailed soft-
ware development artifacts were collected, including approximately
4,211,457 issues, 4,699,214 pull requests, and 348,672 releases. For
these artifacts, attributes such as creation, closing, merge, and pub-
lication timestamps were extracted, enabling the temporal recon-
struction of the software development workflow based on observ-
able events, including task creation and completion, code integra-
tion, and software release publication.

The collected data were cleaned by removing 16 repositories with
inconsistent metadata and collected artifacts, excluding records
with missing or invalid timestamps, and standardizing timestamps
and measurement units before metric calculation, resulting in a
final dataset of 3,233 repositories. Based on the processed data, cycle
time, throughput, release interval, and dispersion measures were
calculated for each repository.

Stage 3. Data Analysis. During this stage, the calculated met-
rics were analyzed using descriptive and comparative techniques,
including repository segmentation into popularity quartiles based
on the number of GitHub stars. Measures of dispersion were used
to evaluate flowmetric variability and the relationship between pre-
dictability and repository delivery capability. Descriptive statistics,
including mean and median, were calculated to identify potential
bottlenecks across software development stages.

For the statistical analysis, data normality was assessed using the
Shapiro–Wilk test. Statistical tests were then applied for group com-
parisons, correlation analysis, and comparisons among software
development stages.

3.3 Flow Metrics
The metrics adopted in this study were defined based on observ-
able events from the software development process, extracted from
issues, pull requests, and releases. From these events, process met-
rics describing the behavior of the software development workflow
were calculated.

Development Workflow Decomposition. Due to the absence
of an explicit relationship among issues, pull requests, and releases
in the collected data, it was not possible to directly calculate the
complete lead time. Therefore, the workflow was approximated
through observable intermediate stages.

The following intermediate workflow stages were considered:

• time (in days) between issue creation and pull request open-
ing, whenever an explicit relationship between these artifacts
existed;

• time (in days) between pull request creation and merge;
• time (in days) between pull request merge and release publi-
cation.

The relationship between issues and pull requests was identi-
fied using the closingIssuesReferences field provided by the GitHub
GraphQL API, which records explicit links between these artifacts
(e.g., fixes #123). The elapsed time between linked artifacts was
calculated from their timestamps. Since not all developers use this
mechanism, the Issue → Pull Request stage represents only explic-
itly recorded relationships.

Cycle Time. This metric represents the effective execution time
of the development work. It was calculated as the difference be-
tween the pull request merge timestamp (mergedAt) and its creation
timestamp (prCreatedAt), as presented in Equation 1. Cycle time
was measured in days and calculated only for merged pull requests.

Cycle Time =mergedAt − prCreatedAt (1)

Throughput. This metric represents the number of completed
work items within a given period. It was calculated as the monthly
number of merged pull requests per repository, considering only
pull requests with a recorded mergedAt timestamp, as defined in
Equation 2.

Throughput =
Completed Items

Period
(2)

Release Interval. This metric measures the elapsed time be-
tween consecutive software releases. It was calculated as the dif-
ference between the publication date of the current release (pub-
lishedAt𝑖 ) and that of the previous release (publishedAt𝑖−1), as de-
fined in Equation 3.

Release Interval = publishedAt𝑖 − publishedAt𝑖−1 (3)

To analyze software development flow predictability, the coef-
ficient of variation (CV) was adopted as a measure of dispersion
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associated with the flow metrics. It was calculated as the ratio be-
tween the standard deviation (𝜎) and the mean (𝜇) of the analyzed
metric, as defined in Equation 4.

𝐶𝑉 =
𝜎

𝜇
(4)

The interpretation of the coefficient of variation as an indicator
of predictability was based on Petersen and Wohlin [12], who ar-
gue that higher levels of variability make software development
processes more difficult to predict. The CV was adopted because it
enables comparisons among repositories with different value scales.
Thus, higher CV values indicate lower predictability, whereas lower
values suggest greater workflow consistency.

Repositories with a mean value equal to zero produced an un-
defined coefficient of variation and were therefore assigned a null
value. No additional threshold or special treatment was applied to
repositories with mean values close to zero.

3.4 Statistical Analysis
Statistical tests were defined to evaluate the hypotheses associated
with the research questions. Data normality was initially assessed
using the Shapiro–Wilk test [3], allowing the selection of parametric
or non-parametric statistical tests. Comparisons among multiple
independent groups were performed using ANOVA for normally
distributed data [10] or the Kruskal–Wallis test otherwise [15].
Whenever significant differences were identified by the Kruskal–
Wallis test, Dunn’s post hoc test with Holm correction was applied
to perform multiple pairwise comparisons while controlling the
Type I error rate [4, 8]. Correlations were evaluated using Pearson’s
or Spearman’s coefficients according to data distribution [17].

4 Results
This section presents the results obtained from the analysis of flow
metrics in the analyzed repositories. The first subsection charac-
terizes the analyzed dataset, whereas the remaining subsections
present the results associated with each research question.

4.1 Data Characterization
After data cleaning, the final dataset comprised 3,233 open-source
repositories, totaling 4,211,457 issues, 4,699,214 pull requests, and
348,672 releases. This dataset enables a large-scale analysis of soft-
ware development workflows.

Repositories were grouped into four balanced popularity quar-
tiles based on GitHub stars, ranging from 20 to 336,913 stars. The
analyzed repositories covered several programming languages, with
Python (16.80%), TypeScript (15.09%), Go (10.05%), and JavaScript
(9.62%) being the most frequent. Together, the ten most common
languages accounted for approximately 81.72% of the repositories.

The average numbers of issues, pull requests, and releases in-
creased substantially from Q1 to Q4, indicating that more popular
repositories concentrate higher development activity and software
deliveries (Table 1). The median values exhibited the same trend,
while the boxplots in Figure 2 revealed considerable dispersion
across all quartiles, particularly among the most popular reposito-
ries. In the boxplots, the central line represents the median and the
marker inside each box represents the mean.

To facilitate visual comparison, outliers were omitted from the
boxplots but retained in the statistical analyses. Upper outliers were
defined as values greater than 𝑄3 + 1.5 × 𝐼𝑄𝑅, and their influence
was mitigated through non-parametric statistical tests and relative
measures of variability.

Figure 2: Distribution of issues, pull requests, and releases
across popularity quartiles (outliers omitted fromplots only).

Flow metrics were calculated for each repository and grouped
by popularity quartile. As shown in Table 1, throughput increased
from 6.56 to 40.42 pull requests per month from Q1 to Q4, whereas
average cycle time slightly decreased from 15.17 to 11.30 days, sug-
gesting higher delivery capability without a proportional increase
in integration time.

Table 1: Average values of flowmetrics and software artifacts
by popularity quartile

Quartile Issues PRs Releases Cycle Time Throughput
Q1 163.95 304.47 48.13 15.17 6.56
Q2 477.66 676.56 83.82 17.63 10.47
Q3 1,171.28 1,287.90 95.91 14.40 16.69
Q4 3,393.88 3,547.30 202.71 11.30 40.42

The distribution of flow metrics across popularity quartiles is
shown in Figure 3. While cycle time remained relatively stable
across quartiles, throughput increased consistently and the release
interval decreased in the most popular repositories, indicating more
frequent software deliveries. Overall, more popular repositories
exhibited greater development activity, delivery capability, and flow
metric variability, providing context for the following results.

4.2 RQ1: Flow Metric Variability Across
Popularity Quartiles

To answer RQ1, data normality was assessed using the Shapiro–
Wilk test applied to the coefficients of variation of throughput,
cycle time, and release interval. As shown in Table 2, none of the
evaluated metrics followed a normal distribution (𝑝 < 0.05). High
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Figure 3: Distribution of flow metrics across popularity quartiles (outliers omitted from plots only).

skewness and substantial differences betweenmean andmedian val-
ues further supported the adoption of the non-parametric Kruskal–
Wallis test to compare the variability of flow metrics grouped by
popularity quartiles.

Table 2: Normality test results for RQ1

Metric (CV) Shapiro–Wilk p-value
Cycle Time 0.8818 2.77 × 10−44
Throughput 0.9654 3.55 × 10−27
Release Interval 0.5925 5.68 × 10−66

The Kruskal–Wallis test revealed statistically significant differ-
ences among popularity quartiles for all evaluated metrics: cycle
time (𝐻 = 123.04, 𝑝 < 0.001), throughput (𝐻 = 36.03, 𝑝 < 0.001),
and release interval (𝐻 = 19.97, 𝑝 < 0.001). Therefore, the null hy-
pothesis was rejected, indicating that flow metric variability differs
across repository popularity levels. Dunn’s post hoc test with Holm
correction was then applied to identify the groups with significant
pairwise differences.

The post hoc analysis revealed statistically significant differences
among all quartiles for the coefficient of variation of cycle time. For
the coefficient of variation of throughput, significant differences
were observed for the pairs Q1–Q3, Q1–Q4, and Q2–Q3. Regard-
ing the coefficient of variation of the release interval, significant
differences were identified only for the pairs Q1–Q4 and Q2–Q4.
These findings indicate that the variability of flow metrics is not
uniformly distributed across repository popularity levels, with the
most pronounced differences being observed for cycle time.

4.3 RQ2: Bottleneck Analysis
To answer RQ2, normality was assessed using the Shapiro–Wilk
test applied to the temporal stages of the software development
workflow. As shown in Table 3, none of the analyzed stages followed
a normal distribution (𝑝 < 0.05). The large differences between
mean and median values also indicate skewed distributions affected
by extreme values. Therefore, the Kruskal–Wallis test was adopted.

The Kruskal–Wallis test revealed statistically significant differ-
ences among the workflow stages (𝐻 = 128878.53, 𝑝 < 0.001),
leading to the rejection of the null hypothesis. The median du-
ration increased from approximately 1 day for PR → Merge to 5
days for Issue → PR and more than 8 days for Merge → Release.
Because the data were highly skewed and contained outliers, the
interpretation was based on the median. These results suggest a

Table 3: Statistical results for the software developmentwork-
flow stages

Stage Shapiro–Wilk p-value Mean Median
Issue→ PR 0.3523 5.12 × 10−210 92.15 4.93
PR →Merge 0.1916 1.85 × 10−217 10.92 1.09
Merge→ Release 0.2782 1.34 × 10−211 66.14 8.31

greater temporal concentration after code integration, indicating a
potential bottleneck in software delivery.

These findings suggest a decoupling between code integration
and software delivery, indicating that integrated changes may re-
main staged before being included in a release. According toHumble
and Farley [9] and Forsgren et al. [6], the period between integration
and release publication may involve automated testing, validation
in staging environments, approval processes, and batching changes
for software releases. Longer intervals may reflect planned release
cycles or delivery strategies rather than process inefficiencies.

4.4 RQ3: Relationship Between Predictability
And Delivery Capability

To answer RQ3, data normality was assessed using the Shapiro–
Wilk test applied to the predictability indicators and the average
monthly repository throughput. The results indicated that none of
the analyzed variables followed a normal distribution (𝑝 < 0.05).
Therefore, Spearman’s rank correlation coefficient was adopted to
evaluate the relationship between flow predictability indicators and
repository delivery capability.

The Spearman correlation analysis revealed positive correlations
between repository throughput and the evaluated predictability
indicators. A moderate positive correlation was observed between
the cycle time variability and throughput (𝜌 = 0.4435), suggesting
that repositories with greater delivery capability tend to exhibit
higher variability in change integration time. In contrast, the cor-
relations between throughput and the coefficients of variation of
throughput itself (𝜌 = 0.1242) and the release interval (𝜌 = 0.0652)
were classified as weak and very weak, respectively. Overall, the
results suggest that the relationship between delivery capability
and the evaluated predictability indicators is limited, being more
evident for the variability of cycle time. It is important to emphasize
that the observed correlations do not imply causal relationships
between the analyzed variables, but only indicate statistical associa-
tions between repository delivery capability and the considered pre-
dictability indicators. Therefore, the null hypothesis was rejected,
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indicating evidence of association among the analyzed variables,
although the observed effect sizes were predominantly small.

Table 4: Spearman correlation results for RQ3

Variables × Throughput Spearman 𝜌 p-value Interp.
Cycle Time CV 0.4435 1.05 × 10−155 Moderate (+)
Throughput CV 0.1242 1.41 × 10−12 Weak (+)
Release Interval CV 0.0652 2.12 × 10−4 Very weak (+)

4.5 Threats To Validity
The findings should be interpreted considering some limitations.
The analyses rely on GitHub API data, and differences in repos-
itory practices may affect comparability. The absence of explicit
links among issues, pull requests, and releases required the work-
flow to be decomposed into observable stages. In addition, external
factors such as project domain, team size, and development strate-
gies were not considered, and the identified potential bottlenecks
may reflect release strategies rather than process inefficiencies. To
reduce analytical bias, we used non-parametric tests and relative
variability measures like the coefficient of variation. Finally, al-
though non-parametric statistical methods mitigated the effects of
non-normality and outliers, the results are limited to the analyzed
public GitHub repositories and should be generalized with caution.

5 Conclusion And Future Work
This study investigated the behavior of software development work-
flows in open-source projects through the analysis of agile met-
rics extracted from public GitHub repositories. The research was
conducted based on three research questions addressing flow met-
ric variability, the identification of potential bottlenecks across
workflow stages, and the relationship between predictability and
repository delivery capability.

The results revealed significant differences in flow metric vari-
ability across repositories with different popularity levels, indicat-
ing distinct workflow behaviors. Significant differences were also
observed among workflow stages, with the period between pull re-
quest merge and release publication presenting the longest median
duration, suggesting a potential bottleneck in software delivery.
In addition, low-magnitude associations were observed between
predictability indicators and delivery capability, with emphasis on
the moderate positive correlation between cycle time variability
and repository throughput.

This study demonstrates that combining flow metrics with mea-
sures of dispersion provides a broader understanding of software
development behavior than analyses based solely on average values.

As future work, additional flowmetrics, such asWork in Progress
(WIP), could be incorporated, as well as factors that may influence
process predictability, including programming language, project
domain, community size, and collaboration patterns. Future studies
may also investigate predictability using probabilistic approaches,
such as cycle time percentiles and Monte Carlo simulations, and
evaluate different predictability levels across software repositories.

Previous Work
This work was developed as part of an undergraduate thesis in
Software Engineering at Pontifical Catholic University of Minas
Gerais (PUC Minas).

Artifact Availability
The replication package containing the source code, processed
datasets, and scripts used in this study is publicly available at:
https://doi.org/10.5281/zenodo.20943924.
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